Computer simulations can provide critical information on the unfolded ensemble of proteins under physiological conditions, by explicitly characterizing the geometrical properties of the diverse conformations that are sampled in the unfolded state. A general computational analysis across many proteins has not been implemented however. Here, we develop a method for generating a diverse conformational ensemble, to characterize properties of the unfolded states of intrinsically disordered or intrinsically folded proteins. The method allows unfolded proteins to retain disulfide bonds. We examined physical properties of the unfolded ensembles of several proteins, including chemical shifts, clustering properties, and scaling exponents for the radius of gyration with polymer length. A problem relating simulated and experimental residual dipolar couplings is discussed. We apply our generated ensembles to the problem of folding kinetics, by examining whether the ensembles of some proteins are closer geometrically to their folded structures than others. We find that for a randomly selected dataset of 15 non-homologous 2-and 3-state proteins, quantities such as the average root mean squared deviation between the folded structure and unfolded ensemble correlate with folding rates as strongly as absolute contact order. We introduce a new order parameter that measures the distance travelled per residue, which naturally partitions into a smooth "laminar" and subsequent "turbulent" part of the trajectory. This latter conceptually simple measure with no fitting parameters predicts folding rates in 0 M denaturant with remarkable accuracy (r = −0.95, p = 1 × 10 −7 ). The high correlation between folding times and sterically modulated, reconfigurational motion supports the rapid collapse of proteins prior to the transition state as a generic feature in the folding of both two-state and multi-state proteins. This method for generating unfolded ensembles provides a powerful approach to address various questions in protein evolution, misfolding and aggregation, transient structures, and molten globule and disordered protein phases. © 2013 AIP Publishing LLC.
I. INTRODUCTION
Structural biology has historically been grounded by several landmark studies wherein the atomic coordinates of several large molecules have been experimentally determined, giving insight into the mechanisms of their biological function. Principle relatively recent examples include the photosynthetic reaction center, 1 potassium channels 2 and aquaporins, 3 the ribosome, 4-6 the RNA polymerase II transcription complex, 7 and G protein-coupled receptors. 8, 9 Despite the triumphs of the structure-function paradigm, there has been emergent evidence of the biological importance of intrinsically disordered proteins [10] [11] [12] [13] [14] [15] for which atomic coordinates significantly fluctuate so that a three-dimensional structure is poorly defined, at least in the absence of binding partners 16 or osmotic stabilizing agents. 17 While current nuclear magnetic resonance (NMR) measurements of chemical shifts, residual dipolar couplings (RDCs), and 3 J couplings can provide information on structural preferences, computer simulations can provide a) Present address: Recon Instruments #100, 1050 Homer Street, Vancouver, British Columbia V6B 3W9, Canada. b) Electronic mail: steve@phas.ubc.ca critical information of disordered proteins through an explicit geometrical knowledge of the conformational ensemble. There have thus been recent efforts towards a computational characterization of both intrinsically disordered protein (IDP) ensembles [18] [19] [20] [21] [22] [23] and chemically denatured ensembles of natively folded proteins. 24, 25 One difficulty however is the time-scales necessary to sample a sufficiently large set of conformations to represent microscopic equilibrium properties of the unfolded ensemble.
In what follows, we first describe our method for generating a diverse, representative ensemble for the unfolded state of a protein. We apply this method here to several proteins, including 4 IDPs and 17 α, β, or mixed natively folded proteins.
As an application of unfolded ensembles, we investigate transformations between unfolded and folded structures, for natively ordered proteins. We ask whether the distance covered during such transformations can predict folding kinetics, and we find several geometrical transformation measures that indeed correlate with folding kinetics for both 2-state and 3-state kinetic folders.
Numerous experiments have pointed to a kinetic molten globule -a semi-collapsed but hydrated state which may have significant secondary structure -as a generic feature of many unfolded proteins in the absence of denaturant (reviewed in Ref. 26) . A collapsed ensemble prior to the transition state implies that reconfigurations in the presence of strong bonding interactions and significant steric constraints would be relevant to the folding barrier. Indeed such reconfiguration would be expected to be more substantial if more long range interactions were present, providing a potential explanation for the success of contact order in determining folding rates 27 that is somewhat distinct from explanations involving Flory entropy in loop closure. It is possible, however, that more accurately characterizating such motions could lead to even stronger correlates with folding barriers. We explore this notion and find such a characterization in the distance on average that the protein must travel to adopt the native structure. Taking a portion of the transformation distance where the trajectories become "turbulent" gives a remarkably strong correlation with folding rates in 0 M denaturant.
We organize this paper by first describing our method for generating a conformationally diverse unfolded ensemble, which applies to both intrinsically folded and intrinsically unfolded proteins. An extension of the method to proteins containing disulfide bonds is described and applied. Properties of the unfolded ensemble, including chemical shifts, residual dipolar couplings, structural diversity, clustering properties, and scaling of the radius of gyration with polymer length are described. We then explore minimal transformations between the unfolded ensemble and the native structure for intrinsically foldable proteins, and investigate the correlation with folding rates of such minimal transformations.
II. METHODS
In this section, we first describe our method for generating unfolded ensembles. We then describe our method for generating collections of optimized pathways from these unfolded configurations to the folded structure. The proteins analyzed in this paper are given in Table I . They consist of 8 2-state folders, 9 3-state folders, 6 α-helix proteins, a Proteins include Trp-cage miniprotein (1L2Y), Engrailed homeodomain (1ENH), src-homology 3 (SH3) domain (1SHG), phage 434 cro protein (2CRO), cold shock protein (1CSP), chicken villin headpiece (1VII), peripheral subunit-binding domain of dihydrolipoamide acetyltransferase (2PDD), barnase (1BNI), acylphosphatase (1APS), deoxy-myoglobin (1A6N), apo-cellular retinoic acid binding protein I (1CBI), titin, IG repeat 27 (1TIT), colicin E9 immunity protein IM9 (1IMQ), photosystem I protein (1PSF), tumor suppressor P16INK4A (2A5E), ribonuclease H (2RN2), dihydrofolate reductase (1RA9), N-terminal domain of HIV Integrase (IN; IUP structure generated from sequence 28 ), amyloid beta-peptide (1-42) (1IYT), alpha-synuclein (1XQ8), Prothymosin alpha (proTα; IUP structure generated from sequence 28 ). 1L2Y and 1PSF were used only for unfolded ensemble generation; 1PSF does not have published unfolding or transition midpoint rates, and 1L2Y is temperature-denatured rather than chemically denatured. b Indicates 2-state or 3-state kinetics. c Secondary structure content. d Natural logarithm of experimentally determined refolding and unfolding rates in 0 M denaturant. 6 β-sheet proteins, 5 mixed α/β proteins, and 4 intrinsically disordered proteins. This dataset is not large, but it is diverse, spanning a wide range of rates, size, and structural classes. Native structural homologs as defined through TM-score were not included in the dataset; otherwise, no additional pruning or selection of proteins was made.
A. Generating diverse ensembles of unfolded configurations
We generate unfolded ensembles by employing the following method:
r Generate a diverse coarse-grained (CG) ensemble r "Foliate" each structure by adding backbone/sidechain degrees of freedom r Equilibrate each foliated structure for a short time.
The steps in the method are shown schematically in Figure 1 . First, if the native crystal or NMR structure existed, it was used as a starting point. If a protein or peptide was intrinsically unfolded or if no pdb file was available, the proteins initial structure was generated a priori by submitting the sequence to the I-TASSER structure prediction server, 28 then minimizing and equilibrating the structure. In all cases, the initial structure was used solely as a starting point for the structure generation algorithm.
Pivot and crankshaft moves
We coarse grain the initial structure by retaining only the C α coordinates. This CG structure is then altered by employing a generalization of the pivot algorithm, 19 cient algorithm for generating self-avoiding random walk ensembles. We have previously implemented this generalization to generate CG C α -model unfolded ensembles. 30 For the CG structure, a pivot move selects a particular bond angle and its corresponding dihedral angle at random, and then resamples them from a native-centric Boltzmann distribution 30 (see Figure 2 ). The corresponding phenomenological energy function contains approximate angle and dihedral stiffness parameters. If after a pivot move the chain sterically interferes with itself, the move is discarded. For a chain of length N, pivot moves are repeatedly attempted until O(N ) successful pivot moves are implemented, such that on average, one pivot move per residue is obtained.
We also considered generated ensembles for proteins with disulfide bonds present. In this case, the pivot algorithm cannot be directly implemented because the disulfide constraint correlates the position of two remote parts of the chain. In this case, we implemented an alternative move for residues bounded by those participating in the disulfide bond. We implemented this procedure for human superoxide dismutase (SOD1), a 153 aa protein that contains a disulfide bond between C57 and C146.
We start by picking a residue at random. If, for a disulfide-bonded protein such as SOD1 (1HL5) (Fig. 3) , the residue is before 57 or after 146, a pivot move is implemented for the part of the chain N-terminal or C-terminal to the selected residue. This preserves the coordinates of the disulfide loop. If, however, the selected residue is between 57 and 146, it lies inside the disulfide loop; in this case a non-local "crankshaft" move is implemented between the selected residue and another randomly chosen residue inside the FIG. 3 . Crankshaft move for SOD1 (PDB 1HL5), a protein with a longrange disulfide bond between C57 and C146. A minimized, non-equilibrated configuration is shown. disulfide loop. This "large step" move, which is similar in spirit to the "small-step" biased gaussian steps in torsional space developed by Favrin et. al., 35 randomizes the dihedral angles between the two residues, subject to the constraint that the end point C α coordinates are fixed. An example crankshaft move is shown in Figure 3 . Fixed end-point moves have been studied in detail previously by several authors. [35] [36] [37] [38] [39] One advantage of the method we employ here is that the moves result in large global changes of an arbitrarily large collection of contiguous residues. A disadvantage, however, is that the algorithm in its current form is not fast. The trade-off between speed and global reconfigurational change was acceptable for our methodology.
Consider two randomly selected C α atoms i, j with j > i. The deviation in end point position δr j may be Taylor expanded as a function of the n = j − i − 1 dihedral angles in the coarse-grained structure between i and j whose rotations would alter the position r j
so that the square of the end point position is given by
where the n × n non-negative, symmetric matrix G has elements
The 3 constraints corresponding to δr j = 0 means that 4 or more dihedrals are required to have a mode corresponding to an eigenvector of G with zero eigenvalue, i.e., j − i = 5 or greater. However, for j − i ≥ 5, there will be combinations of dihedrals that leave r j unchanged. We randomly select one of these eigenvectors and implement a small rotation δφ along it. The end point position generally moves slightly because Eq. (2) is only zero for infinitesimal displacements. We repeatedly implement multiple rotation vectors δφ that leave the end point position r j nearly unchanged. Occasionally, the deviation in the end point position becomes appreciable (fractions of an Å). We then correct the end point deviation δr j by inverting Eq. (1) to find the vector δφ, with components
This gives a set of dihedral rotations that rotates the end point back to its original position. In total, we implement rotations roughly 20 times per bond angle, i.e., 20( j − i) times, correcting as needed. The net result is to change the coordinates in a crankshaft fashion, as shown in Figure 3 . This constitutes one update of the configuration. As mentioned above, ∼N updates are taken before sampling a new distinct configuration for foliation by adding the remaining side-chain and backbone atoms. We have illustrated non-local crankshaft moves here for the case of a disulfide bonded protein. However, for the remainder of the analysis we consider only non-disulfidebonded proteins. In principle, one could implement a combination of pivot moves and crankshaft moves for all proteins. Because our unfolded ensembles were not dense, it was more efficient to implement pivot moves; for dense systems however such as polyglutamine repeats for example, it is an interesting future topic to explore combined move sets.
Foliation, minimization, and equilibration
Once a distinct CG conformation is obtained by pivot/crankshaft moves, side-chains and backbone are added. We examined two methods of adding atoms, PULCHRA 40 and SABBAC, 41 which yielded equivalent results; PULCHRA is available as an executable program, while calls to SABBAC must be uploaded to a server -in an automated way for a large number of configurations.
After side-chain and backbone atoms are added, the protein is energy minimized in GROMACS using a steepest descent algorithm to eliminate steric clashes; Figure 4 shows a rendering of the process for Trp cage (PDB 1L2Y). Though the configuration itself does not change much (RMSD values are approximately 1.4 Å), the energy typically decreases by several orders of magnitude. The radius of gyration typically increases slightly during this process -zero temperature energy minimization tends to favor extended chains when starting from a random initial structure.
The SABBAC and PULCHRA algorithms occasionally place side chains in sterically clashing positions that are not ameliorated by minimization. Roughly 15% of the initial states are not viable for equilibration and are discarded.
For disulfide bonded proteins, the residues involved in the disulfide bond, along with the adjacent residues in the primary sequence (e.g., residues 56-58 and 145-147 for SOD1), are all held fixed during crankshaft and pivot moves. This allows the side-chains of the disulfide bond (between residues 57 and 146 for SOD1) to be reconstructed from the initial configuration. Essentially, no conformations are lost by this   FIG. 4 . Schematic figures indicating the processes of backbone and side-chain addition, energy minimization, and 1 ns thermal equilibration.
constraint after equilibration -the arbitrary origin of the coordinates can be thought of as centered around the disulfide bond. PULCHRA and SABBAC may also occasionally protonate histidines on a nitrogen that is likely unprotonated in the native structure. This may be corrected by applying a patch to properly protonate histidines in the unfolded conformational ensemble. We have generally not implemented such a patch, except for the ensemble of SOD1 conformations that are provided in the supplementary material. 47 Viable all-atom configurations were then thermally equilibrated by molecular dynamics (MD) in explicit SPC water with CHARMM27 force field, using the GROMACS simulation package. All protein atoms are initially at least 20 Å from the faces of a cuboid aligned with the axes of the gyration tensor and having periodic boundary conditions. Simulation conditions were in the NPT ensemble at T = 300 K using the modified Berendsen (V-rescale) weak coupling thermostat, and 1 bar using the Parrinello-Rahman barostat. The Particle Mesh Ewald method was applied for long-range electrostatics, and a 10 Å cut-off was used for non-bonded electrostatic and van der Waals (VDW) interactions. Covalent bonds lengths to hydrogen atoms were constrained using the LINCS algorithm. The integration time-step was 2 fs, and coordinates were saved every 100 ps. Each initial configuration is simulated generally for 1 ns. For α-synuclein, proTα, and SOD1, configurations were simulated for 5 ns. A sample of 1000 equilibrated conformations from the unfolded ensemble of the disulfide-bonded protein superoxide dismutase (WT SOD1) is provided in the supplementary material. 47 Several previous approaches have been used to generate unfolded ensembles. Zagrovic and Pande 42 have run thousands of independent MD trajectories in implicit GB/SA solvent for 3 small proteins: Villin, Trp zipper, and BBA5. Each of these simulations all started from the fully extended state (φ = −135
• , ψ = 135 • ), mandating individual simulations at least 10 ns long for convergence of quantities such as the radius of gyration. One advantage we found for generating random initial ensembles was that many global properties such as the radius of gyration often came to equilibrium on the 1 ns time scale. Pappu and colleagues 19 have run 50 iterations of 12 ns simulations for 90 randomly generated initial configurations of Gln 5 and Gln 15 , in explicit TIP4P solvent. Their procedure is similar to the one we employed here, except that there was no coarse-graining step, as we have employed. Other methods of generating unfolded ensembles have involved extracting conformational fragments from databases of high-resolution crystal structures. Sosnick and colleagues 24 find the conformation of an amino acid (accounting for nearest neighbor effects) using a statistical potential for regions outside of helices, sheets, and turns. If there is a steric clash, the conformation is nudged until the clash is resolved. This process certainly perturbs the ensemble from the equilibrium one, 34, 43, 44 and as well the resulting conformations are not subsequently equilibrated. Still, the model shows excellent agreement with experimental RDCs, for the experimental scenario of chemically denatured proteins in highly anisotropic media. Blackledge and colleagues 18, 25 employ a similar approach of extracting conformational fragments from a database. Chains are grown by randomly selecting φ/ψ angles from a database of sequence-specific fragments outside of helices or sheets (turns are now included). If in the growth of the chain a steric clash ensues, those angles are rejected and another angle pair is selected until no steric clash is found. This process also perturbs the ensemble from the equilibrium one, 34, 43, 44 and as above the conformations are not equilibrated. Nevertheless, this model also shows excellent agreement with experimental RDCs in conditions of high denaturant and high anisotropy.
B. Chemical shifts and residual dipolar couplings
Chemical shifts were obtained using the program CAMSHIFT. 45 Residual dipolar couplings were obtained using the program PALES. 46 Chemical shifts and RDCs for the proteins in this study are tabulated in the supplementary material.
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C. Investigating the correlation between geometrical folding pathways and folding kinetics
We seek direct transformations between an unfolded configuration and the native configuration, to give a measure of average distance between the unfolded ensemble and the folded structure. We considered two generated ensembles: one energy minimized and equilibrated for 1 ns, and another only energy minimized. We quantified the unfolded-folded distance in several ways: r RMSD to the native structure: calculated for C α atoms, and then averaged over the unfolded ensemble, which we denote by RMSD . ) to consecutive sets of 5 points along the trajectory. This procedure eliminates jagged edges along the trajectory.
Order parameters for unfolded structures
The ensemble-averaged order parameters described in this section are all given in Table I for the proteins in this study.
To examine RMSD, structures in the unfolded ensemble were RMSD-aligned to the native structure, and the average (residual) RMSD was calculated, using the software program VMD.
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TM-score was calculated with TM-ALIGN, 50 and is given by
where L targ is the length of the target protein that another protein structure is aligned to, L a is the number of templatealigned C α pairs, d i is the distance between the ith pair of aligned pairs, and
1/3 − 1.8 is a distance parameter that ensures that the average TM-score is not dependent on protein length. max indicates the maximization of this quantity by alignment.
GDT-TS 51 was calculated by file upload to the KoBaMIN web server, 52 and is calculated by
where N is the chain length, d = 4 Å is a distance threshold, and C d/4 , for example, is the number of residues superposed below a threshold of d/4 after alignment. Distance D NC accounting for polymer non-crossing was calculated using the method in Ref. 30 , which is based on the calculation of minimal distance trajectories that we have developed previously. [53] [54] [55] This method calculates the approximate distance undertaken by all C α atoms in transforming between two structures, e.g., an unfolded structure and the native structure, while accounting for polymer non-crossing constraints. The method involves a depth first tree search algorithm to find the shortest distance trajectories between two conformations for a linear self-avoiding polymer. We apply this method here between the native structure and 200 coarsegrained unfolded structures. After coarse-graining (smoothing) conformations by sampling every other bead, each structure was transformed to the folded state by the algorithm discussed in Ref. 30 , and the minimal distance cost was found.
The geometrical pathways 31 distance D was found using the program FRODAN, which calculates a stereochemically acceptable transformation between two all-atom structures, by following a steepest descent pathway that minimizes RMSD. From such transformations, we calculate the distance that C α atoms have moved. Sample folding trajectories of 5 C α atoms are shown in Figure 5 . The total arc length that all C α residues have travelled is accumulated, to obtain the total distance for one conformation pair. Similarly to TM-score and GDT-TS, this total is then divided by chain length, which yields the mean distance travelled per residue, for one conformation pair,
Here, the sum is over the N C α atoms, and the integral sums up arc-length increments from initial to final position for each C α atom (see Figure 5 ). For the proteins in Table I , the mean distance is about 36 Å. Particle trajectories obtained from the GP method tended to be delineated by two parts, an early smooth "laminar" segment, and a late rugged "turbulent" segment (Figs. 6(a) and 6(b)). segment is characterized by heterogeneous jumps of variable distance. The root variance (standard deviation) in step length, averaged over 10 frames, is also plotted. We determine a baseline standard deviation by averaging the first 50 frames, then when the standard deviation exceeds a threshold which we set to 7 times the baseline, the trajectory is deemed turbulent from then on. We thus partition each trajectory up into laminar and turbulent parts, and define the corresponding accumulated distances from the unfolded structure (α) to the native structure (N)
The transition to turbulence can also be signalled by an abrupt increase in the curvature of the trajectory as shown in Figure S1 of the supplementary material. 47 Choosing either the minimized or equilibrated ensembles, the smoothed or raw trajectories, and the laminar, turbulent, or full trajectories, gives 12 different measures of distance, as depicted in Figure 7 .
Both 2 and 3 state proteins were selected from proteins with known kinetics using the webserver KineticDB.
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Proteins were ensured to be non-homologous by TM-score, as compared to a non-redundant (NR) protein database 56 (see Fig. 8 ).
III. RESULTS AND DISCUSSION
A. Chemical shifts and residual dipolar couplings
Chemical shift values for C α atoms are obtained using the program CAMSHIFT. 45 These values are plotted for Aβ 1−42 in Figure 9 , which show good agreement with the experimental values of Hou et al. 57 Chemical shift values were obtained from a generated ensemble of 773 structures. These numbers agree with those from 1 µs explicit water simulations. 22 That said, even better agreement with experimental values is obtained from chemical shifts compiled from databases of loop regions in protein structures (e.g., CAMCOIL, 58 r = 0.99). RDCs measure the nuclear dipole coupling between two spin 1/2 nuclei such as the amide H and labelled 15 N. This coupling between nuclei i and j depends on the angle the internuclear bond makes with the orientation of the whole molecule, and is given in the principle axis frame by
where S zz is the axial component of the alignment tensor, and (S xx − S yy ) is the rhombic component of the alignment tensor, and |S zz | > |S yy | ≥ |S xx |. The angles θ and φ give the orientation of the vector in the principle basis, and D max sets the scale of dipolar interactions and is given by
, where r ij is the effective internuclear distance accounting for libration of internuclear vector, 59 γ i , γ j are gyromagnetic ratios of nuclei i, j, µ o is the magnetic permeability of vacuum, and h is Planck's constant.
RDCs were obtained from simulated ensembles using Pales; 46 we have provided tables of amide NH RDC values for our generated ensembles in the supplementary material. 47 While simulated RDCs of native or near-native structures show good correlation with experimental RDCs, simulated RDCs of unfolded ensembles have not shown strong correlation with experimental RDCs in previous studies; 60 as well, we also did not see significant correlation with experimental values.
There are many potential reasons for this. Experimental RDC values change significantly depending on the degree of extension of the orienting liquid crystal (e.g., polyacrylamide), and also vary with denaturant concentration and pH. The chemically denatured ensemble may significantly differ from the unfolded ensemble. Unfolded ensembles may show partial native structure, 61 and at least partial collapse, 62, 63 depending on net charge or hydrophobicity. Urea or GuHCldenatured ensembles on the other hand tend to exhibit relatively simple self-avoiding walk behavior. [64] [65] [66] Finally, because steric obstacles represent absorbing boundaries for the probability distribution of a disordered polymer, the effect of steric hindrance itself, due to the aligning liquid crystals, significantly modifies the structure of the unfolded ensemble. Thus, the experimental conditions under which RDCs are obtained may result in very different ensembles than those in simulation, which model an isolated protein in the absence of denaturant at pH ∼ 7.
In spite of this, several recent models of the unfolded state show remarkable agreement with experimental RDCs in denaturant and in stretched polyacrylamide. 18, 24, 25 These models reconstruct the unfolded ensemble from unstructured elements in the protein data bank, and evidently are very good models of unfolded proteins in aligning media. It is not clear on the other hand how such models would predict RDCs as external conditions were varied, e.g., as the polyacrylamide were relaxed or compressed, without some phenomenological adjustment. It may be best to think of the RDC values we obtain here as "unperturbed" RDCs arising solely due to correlations between bond vectors and the inherent anisotropy of the polymer, rather than the induced anisotropy.
B. Polymer scaling laws and persistence length
After equilibration, the radius of gyration R G was obtained for all subsequences with length ≤N, for each protein in Table I . The slope of the log-log plot gives the exponent of the scaling law R G = r 1 N ν , where in 3-dimensions ν = 3/5 for a self-avoiding random walk, 1/2 in the -state, and 1/3 for a compact globule state. 67 Figure 10(a) shows a plot of the radius of gyration vs timestep for several trajectories along with the average over trajectories, for the 129 aa intrinsically unfolded protein (IUP) proTα. Figure 10(b) shows the scaling law for the radius of gyration obtained by taking subsequences of the full length protein and averaging R G for those lengths over the 5 ns equilibrium ensemble. We obtain the scaling exponent ν for the ensembles at several times, shown in the inset of Figure 10 (b). The exponent converges exponentially to an asymptotic value at t → ∞. Extrapolating from times ≤1 ns is sufficient to obtain this asymptotic value to high accuracy. From this procedure, a scaling exponent that is slightly larger than a selfavoiding random walk (SAW) is obtained for proTα, likely because of the high charge density of this protein. We generally see scaling exponents for the unfolded ensemble with values between those in -solvents and those in good solvents (Table I ). The IUPs in our study tended to have larger scaling exponents than foldable proteins (0.62 vs. 0.57 on average) -some of the IUPs such as proTα are highly charged; none fall into the class of collapsed globule IUPs. 19, 68 Our observations on scaling exponents are generally consistent with recent experimental observations by Schuler and colleagues 63 from single-molecule spectroscopy experiments.
An estimate for the persistence length in the unfolded state may be obtained from the prefactor r 1 as p = (2ν
69 a SAW distribution has been assumed in this estimate. From this estimate, the persistence lengths we measured varied from 2 to 4 Å, averaging around 3 Å; these values were somewhat smaller than those obtained experimentally from force spectroscopy studies: typically around 3.5-4.0 Å (see, e.g., Refs. 70 and 71).
C. Clustering analysis
We undertook a clustering analysis for α-synuclein using the program maxcluster with nearest neighbor clustering. 72 The lack of strong clustering would be evidence of the success of our method to generate a diverse unfolded ensemble. Figure 11 shows the distribution of 1299 configurations of α-synuclein, projected along the TM-scores to the centroid structures of the three largest clusters. The elements of the clusters are indeed not well differentiated from the other structures, and the elements of the top three clusters are themselves fairly unrelated to the cluster centroid, with low TMscores (cluster centroids have TM-scores of unity along their respective axis and are not shown -the centroids barely pull structures from the bulk ensemble).
We found that, for both the dominant clusters and the unfolded ensemble, the ends of the 140 aa protein tend to be closer on average than 140 aa stretches of other proteins that we had investigated (end to end distances r ee (αsyn) ≈ 89 Å, whereas r ee (1A6N 140 ) ≈ 96 Å), consistent with previous experimental NMR data that indicated aggregation inhibiting, long-range tertiary interactions between the N-and C-termini. 73 It is a valid question as to whether longer simulation times would result in enhancement of long-range tertiary interactions. Our configurations for α-syn were equilibrated for 5 ns; taking the equilibrated radius of gyration R G of α-syn for our ensemble and treating the polymer as a self-avoiding chain in a good solvent, the longest Rouse-Zimm-like relaxation times are 74 
ns. This number is significantly longer than the relaxation time we observed for the radius of gyration for α-syn: ≈0.8 ns, most likely because the slowest Rouse-Zimm modes have already come to equilibrium by construction of the unfolded ensemble. On the other hand, single molecule Förster resonance energy transfer (FRET) measurements in the denatured state of cold shock protein give longer global reconfiguration times, ≈50 ns. 75 As well, specific, tertiary contacts are observed to have significantly slower formation rates, 76, 77 e.g., for the naphthalene-xanthone labelled 56 aa peptide poly(GS) 28 Table I . 2-state proteins (blue squares) and 3-state proteins (red triangles) are well-clustered by D (lam) , but not by ACO, as can be seen by inspection, i.e., by projecting data onto each order parameter. Closed curves circumscribing each class of protein are a guide to the eye. (b) Statistical significance (p-values) that the various metrics for 2-state and 3-state folders arise from different distributions, as determined by t-test. 30 −log(p) is plotted, so that a higher number indicates better ability to distinguish between the two classes. The dashed black horizontal line indicates a threshold of 5% for statistical significance. Only ACO and maxclusterdetermined TM-score fail to distinguish 2-state from 3-state folders. Error bars for ACO and D (lam) are obtained by removing 1 data point at random from the dataset, recomputing −log(p), and then calculating the standard deviation for the resulting collection of values. Notation used in this panel is further described in Figure 14. time constant for the formation of specific end-to-end contacts is ≈170 ns. 76 Exploration of such contact dynamics in α-syn and other proteins is an interesting topic of future research.
We had found previously that a coarse-grained measure of the mean distance D in Eq. (5), as well as RMSD and chain length, significantly discriminates 2-and 3-state folders. 30 Here, we investigated which order parameters in Sec. II C cluster 2-state folders sufficiently separate from 3-state folders, such that they may be discriminated from each other. Figure 12 (a) shows a scatter plot of the clustering along ACO and D (lam) (with smoothed trajectories and for the equilibrium ensemble). Figure 12 (b) plots the negative logarithm of the statistical significance, based on a t-test, 30 that each order parameter distinguishes 2-state from 3-state proteins (see Table S3 for listed p-values). More significant distinguishers have larger values on this plot.
D. Correlations between geometrical folding pathways and folding kinetics
Having generated statistically diverse, quasi-equilibrium, unfolded ensembles, we turned to the question as to whether transformations between such an ensemble and the native state could address folding kinetics. We investigated optimal folding trajectories both by our previous non-crossing method, 30 and by the GP method of Thorpe and colleagues; 31 these are described in Sec. II C. We focused primarily on the GP method because it applied to all-atom systems, and because the transformation could be visualized at all intermediate stages. Information on the folding mechanism is gained from determining which quantity correlates with rate for a given structural or kinetic class of protein. For example, the fact that absolute contact order (ACO) 27, 78 or extensions such as long range order [79] [80] [81] [82] or total contact distance 83 correlate well with rate for 2-state proteins indicates a dominance of the process of loop closure, through the formation of native contacts, as the rate limiting step in folding. The fact that these quantities do not strongly correlate with rates for 3-state proteins, and that chain length does, 84 indicates that other, perhaps more subtle mechanisms embodying topological complexity may play a role in determining folding barrier heights.
Since the early studies of contact order, many subsequent studies have investigated correlates with protein folding kinetics across protein classes. Extensions of contact order have been developed from polymer theory, 85 which support early polymer physics models predicting rate determining barriers scaling as ∼N 1/2 . 86 Mean field theory had predicted folding barriers increasingly linearly with protein chain length. 87 Rates were found to correlate with thermodynamic properties, including native stability 88 and heterogeneity of contact formation probability and φ-values. [89] [90] [91] Combinations of contact order and length have been taken. 92 Rates were observed to correlate with contact clustering 93 and to anticorrelate with the number of tightly packed contacts defined through Delaunay edges. 94 Folding rates for 2-state proteins were observed to correlate with helix, turn, and hairpin secondary structure propensity, 95 and inversely with chain length, in a model with 4 weighting coefficients. Consistent with this, both 2-state and 3-state folding rates anticorrelate with residual length after helical segments are renormalized to 3 residues in length, 96 implying significant secondary structure formation in the transition state. Folding times for two-state proteins were also observed to correlate with chain length within structural classes, but not across them; 80 the difficulty for ACO as a predictor across structural classes is also born out in statistical physics models. 97 Other studies have found that rates of 3-state proteins significantly anticorrelated with α and β secondary structure length, and that 2-state protein rates anticorrelate with β+loop secondary structure length. 98 Rates of both 2-and 3-state proteins can now be predicted to very highaccuracy from sequence alone, 94, [99] [100] [101] Here, we asked the simple, physically based question as to whether the distance covered by optimal trajectories, generated as described in Sec. II C, would anticorrelate with folding rate across proteins (both 2-and multi-state). We also asked if simpler alignment measures such as RMSD, TM-SCORE, and GDT-TS would anticorrelate (for RMSD) or correlate (for TM-SCORE and GDT-TS) with rates, when averaged over the unfolded ensembles generated as described in Sec. II A.
In finding quantities related to distance D travelled, we found that the GP trajectories often meandered significantly from straightline motion, indicating that even for minimal transformations, steric hindrance induces curvilinear motion for folding trajectories (Fig. 13) . We record the laminar and turbulent components of the distance between all unfolded conformations and the native structure, as described in Sec. II C 1. Figure 14 shows a matrix of the Pearson correlation coefficients (upper triangle) and statistical significance (lower triangle), between the order parameters investigated here, including the 12 variants of distance described in Figure 7 , RMSD , TM-SCORE obtained from the program maxcluster, GDT-TS , ACO, and protein length. Also included in the table are the log experimental folding and unfolding rates k f and k u , along with the log of the midpoint relaxation rate k mp . A corresponding table with Kendall values is given in the supplementary material. 47 Smoothing the trajectories did not significantly change an order parameter's correlation with rates. On the other hand, in nearly all cases, equilibration decreased an order parameter's correlation with rates. We suspect that this may be an indication of either the fast-mixing experimental protocol often used to dilute an initially high-denaturant state, or of problems with the force fields for the SPC solvent model, in which case more refined solvent models such as TIP4P may yield improved results. On the other hand, it is fortunate that the minimized, non-equilibrated ensemble performs so well -the computationally expensive procedure of equilibration may then not be necessary.
Alignment metrics to the native structure, such as the ensemble-averaged RMSD , TM-SCORE , and GDT-TS , all showed significant correlation with folding rates across 2-and 3-state proteins. It is perhaps surprising that a quantity as simple as RMSD has not been tested in folding rate prediction, but this may be because information on pairs of structures rather than a single (native) structure is needed to calculate it.
The mean distances obtained by our previous polymer noncrossing method for coarse-grained C α -model polymers 30 correlate very strongly with those obtained from the GP method (r = 0.99, p = 6 × 10 −12 ). Moreover, these mean distances D correlate remarkably strongly with the mean RMSD of the unfolded ensemble RMSD (r = 0.94 on average), so that this latter quantity may be used as a crude proxy for either distance calculation. This is a fortunate result in the sense that the calculation of RMSD is less computationally intensive than distance calculations by either method. It also means that the qualitative result is captured by simple polymer models. We will see however that significant quantitative effects are observed that depend on the all-atom steric volume of the protein, and its role in obstructing or guiding folding.
All variants of the distance travelled -minimized/ equilibrated and smoothed/raw -showed significant correlation with folding rates. However, the laminar component of the distance travelled does not correlate strongly with rates, and is insignificant for rates in water. We have checked the convergence of the correlation between various distance metrics and folding rates; convergence is achieved fairly quickly, after about 100 unfolded configurations (Fig. S2 in the supplementary material 47 ). Figure 15 gives a synopsis of the correlation between various quantities and folding rates, in terms of minus log base 10 of their statistical significance (e.g., a significance of 10
would give a value of 4 on the plot). The most striking feature is the degree of correlation shown by the turbulent component of the distance travelled with folding rates in water (r = −0.95, p = 1 × 10 −7 ). A scatter plot of folding rate vs. D (turb) is shown in Figure 16 (a). The ensemble-averaged RMSD also correlates significantly with folding rate -comparable in general to ACO (Fig. 16(b) ).
The turbulent motion involves nonlinear docking and registering motions between at least partially formed secondary structures. It appears as "late-stage" reconfiguration of structured elements, and may be thought of as measuring the difficulty in fitting secondary structured units together. The observation that these motions appear to govern the barrier that determines rates implies a transition state ensemble with significant native structure present.
Of the quantities we investigated, unfolding rates at 0 M denaturant anticorrelate strongest with ACO (r = −0.84, p = 1 × 10 −4 ); the entropy of loop closure governs the unfolding barrier as it does the folding barrier, and implies a mechanism for kinetic stability of native structures:
FIG. 14. Correlation matrix for all geometrical parameters, as well as experimental folding rates. The upper triangular elements are Pearson correlation coefficients. The lower triangular elements are the corresponding statistical significance values, which are represented as −log 10 so that, e.g., 4.5 corresponds to p = 10 −4.5 = 3.2× 10 −5 . Red represents strong positive correlation; blue represents strong negative correlation. "_raw" indicates numbers taken from the raw trajectory, while "_smooth" indicates numbers taken from the smoothed trajectory. Trajectories are further divided into "_laminar" and "_turbulent" parts. Initial ensembles are either equilibrated "_equil," or pre-equilibration (energy minimized only or "_min"). Other parameters shown include ACO, protein length, GDT-TS, TM-score, natural log of the folding and unfolding rates in 0 M denaturant, and natural log of relaxation rate at the transition midpoint. long-range contacts promote more cooperative unfolding barriers. The distance-based metrics are still significant: the correlation coefficient of D with folding rate is −0.81.
The dominance of turbulent distance as a rate-predictor goes away at the transition midpoint (Fig. 15(c) ). The total distance travelled along with the turbulent distance are still the strongest predictors however. Laminar components of the motion, while themselves weak predictors, become more significant in these conditions than they are in water.
This effect is consistent with expansion of the unfolded state as solvent conditions are varied by adding denaturant. 75 In the absence of denaturant, the unfolded state may generally be a significantly collapsed molten-globule like state. 26, 102 Early kinetic folding intermediates of apoMb are nearly as collapsed as the native structure. 103 A pre-collapsed, compact unfolded state, driven primarily by hydrophobic interactions, is seen as well in two-state folding reactions for SH3, mutants of WT NTL9, 106 and Trp-cage miniprotein. 107 Fast initial collapse on the time-scale of tens of nanoseconds is seen directly in FRET measurements of BBL 108 and simulation of small proteins such as Villin. 42, 109 Collapse emerges naturally in statistical field theories of heteropolymer collapse 86, [110] [111] [112] [113] as well as coarse grained computer simulations of folding. [114] [115] [116] Further along in the folding process, the transition state of CI2 has been interpreted as a globally collapsed, condensed nucleus with significant native structure, only slightly expanded, and lacking specific native packing interactions. 117 These experimental observations support the changing nature of the unfolded state with denaturant, which is reflected in which component of the minimal distance serves as the best predictor of folding rates.
IV. CONCLUSIONS
Here, we have connected the problem of generating unfolded ensembles with refolding kinetics, by applying transformations between unfolded conformations and the native structure. We developed a method to generate a diverse, quasi-equilibrium unfolded ensemble by employing coarsegrained sampling, foliation of the coarse-grained structure with side chains and backbone, and short equilibration of each configuration. Ensembles for proteins with disulfide bonds can be generated as well, by employing non-local crankshaftlike moves.
Chemical shifts showed general agreement with experimental values, while residual dipolar couplings did not correlate with experimental values. We proposed some possible reasons for this discrepancy, including the fact that steric liquid crystal media that would induce rotational anisotropy in experiments would themselves modify the distribution of disordered conformations -a phenomenon that is not a factor for folded proteins.
Distance metrics as applied here between unfolded conformations and the native structure can also be applied to the ensemble of unfolded conformations, to obtain a general measure of the connectivity of the unfolded state. Distance metrics correlated strongly with common metrics of structural similarity, e.g., RMSD. The average RMSD between the folded structure and the unfolded ensemble correlated as strongly with folding rate as absolute contact order did.
The turbulent distance characterizes motion towards the folded structure that involves steric avoidance, jostling, rearrangement, and ultimately docking of highly structured units. The amount of motion this involved correlated most significantly with folding time (r = 0.95, p = 1 × 10 −7 ). The dominance of "turbulent" minimal trajectories in predicting folding rates in water, but not at the transition midpoint, is a manifestation of a largely collapsed unfolded state in water or similar conditions, and the importance of reconfigurational motions from this state in finding transition states conducive to rapid progress toward the native structure. 
I. UNFOLDED ENSEMBLE FOR SUPEROXIDE DISMUTASE
A sample of 1000 5ns-equilibrated conformations from the unfolded ensemble of the disulfide-bonded protein superoxide dismutase (WT SOD1) is provided in two formats:
• A concatenated pdb file sod1 all.pdb (169 MB)
• An xtc trajectory file sod1 all.xtc (10.8 MB) along with a single pdb file 0001.pdb (170K).
To view these files in VMD, issue the following commands from the terminal: vmd -pdb sod1 all.pdb or: vmd -pdb 0001.pdb -xtc sod1 all.xtc = 3.2e-5. Red represents strong positive correlation; blue represents strong negative correlation. " raw" indicates numbers taken from the raw trajectory, while " smooth" indicates numbers taken from the smoothed trajectory. Trajectories are further divided into " laminar" and " turbulent" parts. Initial ensembles are either equilibrated " equil", or pre-equilibration (energy minimized only or " min"). Other parameters shown include ACO, protein length, GDT-TS, TM-score, natural log of the folding and unfolding rates in 0M denaturant, and natural log of relaxation rate at the transition midpoint. 1VII  1IYT  2PDD  1ENH  1SHG  H-integrase  2CRO  1CSP  1PSF  1IMQ  1TIT  1APS  1BNI  ProT  1CBI  1XQ8  1A6N  2RN2  2A5E  1RA9  1  --------1.5691  ------------- 1L2Y 1TIT 1IYT 2A5E 1ENH 1RA9 H-integrase 1XQ8 1CSP 1PSF 1IMQ 1SHG 1APS 1BNI ProT 1CBI 1VII 1A6N 2PDD 2CRO 2RN2  1  ------------------- --------------156  -----56.1  ---------------157  -----59.  ---------------158  -----55.  ---------------159  --------------------- figure 12 of the main text.
